Abstract -This paper applies a context-dependent behavior selection architecture to agent-based simulation of crowd behavior. In order to generate realistic humanlike crowd behaviors, we consider adaptability of an autonomous agent at two different levels: a behavior level where the agent makes adaptive selections among multiple competitive behaviors, and a behavioral context level where the agent modulates its behavior patterns according to different psychological and/or social states. A case study example of emergency response simulation is provided. The behavior and behavioral context models are described and simulation results are presented.
INTRODUCTION
Simulation of crowd behavior finds applications in many fields, including urban planning, emergency evacuation, entertainment, training, and education. Agent-based simulation has become one of the major paradigms to simulate these systems. The basic idea behind agent-based simulation is that the macro-level crowd behavior is a result emergent from the interactions and movements of individual agents -like what happens in the real world. An agent has a set of behaviors and may be modeled at different levels of autonomy, such as user-guided, pre-programmed, and autonomous as categorized in [1] . User guided and preprogrammed agents work well in computer games and computer animations where the virtual environments are userdefined. However, it has been pointed out that realistic behavior could not be based on procedural animation only, as an embodied intelligent agent has to deal with a changing environment [2] . Human beings make inherently adaptive behavior choices in the real world. Supporting such adaptability in crowd simulation is important in order to achieve realistic behaviors as displayed by real human crowds. This is especially essential when crowd behavior simulation is used to help real world applications, such as emergency evacuation planning and management.
Early work of using behavior-based agents for crowd simulation includes Rynold's boids [3] , and Tu and Terzopoulos's school of fish [4] . It is commonly understood that human behaviors are more complex than those displayed by boids and school of fish. The complexity arises both externally, i.e., from dynamically changing socio-physical environment, and internally, i.e., from complex psychological states. The condition of these psycho-socio-physical factors defines the context of a human being's behavior. Change of this context causes a human being to behave differently even under the same stimulus. For example, it has been well reported that a human being will display different behavior patterns in a panic situation. Similarly, he/she is likely to adjust his/her behaviors when attending a formal social party. Such aspect of psycho-social change was not well integrated in early works of crowd simulation, but is receiving more and more research attentions recently. As stated in [5] , many crowd simulation applications are beginning to envision a new era where psycho-socio-physio-logical models could be intertwined to enhance their environments' simulation of human agents. In this paper, we refer to the psycho-sociophysical state that sets the context of an agent's behavior as "behavioral context". Built on top of this, we differentiate adaptability of an autonomous agent at two different levels: a behavior level, and a behavioral context level. At the behavior level, an agent should make adaptive selections among multiple competitive behaviors. Consider a simple example with two behaviors: "go forward towards the goal" and "move sideways to avoid a collision". At any moment, the agent should adaptively decide which behavior to choose based on its internal/external stimulus. At the behavioral context level, an agent should behave adaptively according to different psycho-social states. In another word, the decision making of which behavior to choose should reasonably match the current behavioral context. For example, in an "emergency (or panic)" context, the agent is more likely to choose "go forward towards the goal" in stead of "move sideways to avoid a collision". It is the belief of this paper that adaptability at both the behavior level and the behavioral context level should be explicitly supported in order to realistically simulate human crowd behaviors.
In order to model adaptive behaviors of autonomous agents, in earlier work we developed a bio-inspired two-layer behavior selection architecture [6] . In this architecture, the bottom layer is an asymmetry mutual inhibition behavior network where different behaviors inhibit each other for behavior selection. The top "behavioral context" layer sets the behavior selection context by changing the structure of the behavior network, thus modulating an agent's overall behavior patterns according to different operating conditions. As discussed in [6] , this architecture provides a simple yet effective mechanism to model systems that need to dynamically and significantly change their behavior patterns during the course of simulation. It fits well to the psychosocial aspect of crowd simulation because different psychosocial states can be modeled by different behavioral contexts, which modulate agents to display different behavior patterns. Another motivation of using the mechanism of "behavioral context" to capture psycho-socio-physical states is because of the scalability issue in crowd simulation. Crowd simulation usually involved a large number of agents, which prohibit the use of complex and computational expensive cognitive models. The proposed context-dependent behavior selection architecture provides a relative simple, easy to be maintained, yet effective model to simulate adaptive behaviors of human crowds.
The remainder of the paper is organized as follows. Section 2 reviews the related work of this research. Section 3 describes the main features of the context-dependent behavior selection architecture and discusses how it can be used to support adaptability in crowd behavior simulation. Section 4 presents a case study example of an emergency response crowd simulation. It describes the models and shows preliminary simulation results. Section 5 concludes this work.
RELATED WORK
Computer simulation of crowd behavior is a relative new area. Most work in the literature is from the area of computer animation and virtual environment, for which a survey can be found in [2] . Crowd simulation in computer animation pays close attentions to real time 3D animation and human computer interaction. Our research is motivated by a different goal: i.e., how to simulate crowd behaviors that can help urban planning and/or decision making in emergency evacuation. Because of this, we emphasize more on behavior adaptability in order to achieve realistic crowd behaviors and scalability in order to support a large number of agents. Below we review the related work from this point of view.
In generating crowd behaviors, [1] categorizes the control of agents into three different categories: user guided, programmed, and autonomous. The behaviors of a user guided agent are directed by interactive users. For programmed agents, agent's behaviors are pre-defined using a script language. Scripting has been a very popular method to support the directorial level control of virtual actors. But it is important to understand that a script-based behavior usually refers to a pre-scripted animation or sometimes chunk of motion capture, such as walk, run, look-left [2] . Thus it differs from the behaviors used in this paper for autonomous agents. Control of autonomous agents in crowd simulation is largely influenced by the research in AI. For the sake of this paper, we roughly divide the control of autonomous agents into (simple) behavior-based control and (complex) hierarchical structure control. Behavior-based control employ mechanisms, such as a rule-based system, in which behaviors that match a current world condition may fire subject to conflict resolution among competing alternatives [2] . The main advantage of rule-based behavior selection is that they can benefit from efficient implementations and support fast reaction times for virtual humans. Because of that, it is widely used in crowd simulation. For example, among the recent literatures, [7, 8, 9] use rulebased approach to select behaviors for agents; [10] integrates rules with a probability scheme to decide the next behavior. Hierarchical structure control usually involves multiple levels of knowledge representation, planning, and learning. Due to their complexity, they are not commonly used in crowd simulation.
Psychological and sociological states are important factors affecting both individual and crowd behaviors. In computer animation and virtual environment, psychosocial factors such as emotion and affection have been incorporated to allow individual virtual actors to express themselves through facial expressions, bodily postures, gestures, etc. Recently, more work starts to integrate psychological factors into crowd simulation. For example, [11] considered different aggression levels in a hostile environment for a military crowd simulation; [9] considered how social behavior and emotion can affect emergency evacuation. Some literatures studied psychological influences for specific behaviors. For example, [12, 13] studied how psychological models affect the avoidance behavior in a crowd. Others treated psychological or cognitive models independently and use them to guide the selection of different behaviors. For example, in [5] a complex psychological model and psychological process is employed to decide the next behavior. In [11] different aggression levels equip the agents with different sets of behaviors. Despite the general interest in this aspect, there is no psychological or sociological model of crowds in existence today that has been universally accepted and validated.
Crowd simulation typically involves a large number of agents. Thus the scalability issue, i.e., how to support computation efficiency in behavior selection is also important for crowd simulation. The literatures deal with the scalability problem using different methods. In [10] , the authors developed a method to dynamically load/unload behaviors to maintain a small set of behaviors in order to achieve real-time performance. The work in [14] modeled behaviors at the group level instead of the individual level to reduce computation complexity. A common theme in the literature is to trade the complexity of agent's decision makings for scalability by using simple behaviors and behavior selection mechanisms. For example, the work of [7] uses intuitive behaviors for agents and can support up to 10,000 agents. Another theme is to design efficient algorithms from the environment point of view. For example, in [7, 15, 16] , the authors use grid and cellular automata to model agents' movement space in order to reduce computation complexity. In particular, the work of [16] can support up to 50,000 agents at interactive frame rates.
CONTEXT-DEPENDENT BEHAVIOR SELECTION
The problem of behavior selection, often referred to as action selection in AI, is the problem of run-time choice between multiple parallel, competing, and overlapping behaviors to respond to a dynamic environment. Contextdependent behavior selection used in this paper refers to the capability for an autonomous agent to modulate its behavior selection process based on different explicitly modeled behavioral contexts, e.g., psycho-social states. To support this, we developed a two-layer behavior-based architecture [6] . This architecture uses mutual inhibition as the major mechanism to achieve adaptive behavior selection among competitive behaviors. A behavior inhibits other behaviors through inhibitory coefficients. The coefficients for the different pairs of inhibiting and inhibited behaviors are different, and these differences help express the relative priorities of the behaviors. The set of coefficients define the structure of the behavior network and can be changed by a high layer called "Behavioral Context". This allows the relative priorities of the behaviors to be dynamically changed, thus making the agent exhibit different behavior patterns when it switches to different operating conditions. Fig. 1 shows this two-layer behavior network architecture. The bottom layer is the behavior layer with a network of behaviors. Each behavior mediates a different fixed action pattern and is excited by a particular pattern of sensory inputs. Behaviors inhibit each other and the strengths of inhibitions among pairs of behaviors are specified by inhibitory coefficients. These coefficients are real numbers between 0 and 1, with 0 meaning no inhibition and 1 meaning full inhibition. Mutual inhibition among the behaviors enables the one with the strongest net activity (i.e., its excitation minus the sum of the inhibitions from other behaviors) to govern the agent's behavior. To give an example, assuming behavior_i and behavior_j are two behaviors and c ij is the inhibitory coefficient from behavior_i to behavior_j. Then the amount of inhibition B ij (t) from behavior_i to behavior_j at time step t is calculated according to Formula (1), where A i (t-1) is the activation of behavior_i at the previous step. Formula (2) shows behavior_j's activation A j (t) is calculated from its excitation E j (t) subtracting the total inhibitions from other behaviors. In the current implementation, we bound the values of both excitation E and activation A within the range of [0, 1].
The top layer is the behavioral context layer, which consists of several discrete behavioral contexts. Each behavioral context defines its own set of inhibitory coefficients. Change from one behavioral context to another means the set of inhibitory coefficients is switched accordingly. A rule-based system may be used to specify when to transit from one behavioral context to another. Transitions among behavioral contexts usually happen less frequently than the switches among different behaviors. This is because behavioral contexts, which represent the psychosocial states of an agent, are generally more stable than the change of the agent's external environment.
The mutual inhibition behavior selection mechanism has been shown to be able to generate adaptive behaviors in dynamic unpredictable environments [17] . This makes it a better choice than "if-then" rules to support adaptive humanlike behaviors in crowd simulation. Furthermore, the behavioral context, by reorganizing behaviors' relative priorities, provides a relative simple yet effective way to model agents that need to change their behavior patterns according to different psycho-social states. This "indirect modulation" relationship resembles how human being's psychological states affect their behaviors. For crowd simulation, the context-dependent behavior selection provides an architecture that can generate adaptive human-like behaviors without using computation-expensive cognitive models.
CASE STUDY: EMERGENCY RESPONSE CROWD SIMULATION
This section describes a crowd simulation example where people visit an art museum and respond to a fire alarm emergency situation. The example simulates crowd behaviors at several stages, i.e., before, during, and after, the fire alarm emergency. To demonstrate how different behavioral contexts affect individual's and crowd's behavior patterns, we consider a normal behavioral context and an emergency behavioral context in this process. The normal behavioral context can be thought of corresponding to the "feeling safe or calm" psychological state, and the emergency context corresponding to the "feeling in danger or panic" psychological state.
The simulation starts with agents (in normal behavioral context) move around to visit art pieces in the museum. At this stage, an agent prefers to stay away from other agents in order to maintain its personal space. It generally moves according to its own planned route and does not follow others. But it would take the chance to temporarily explore any nearby attractive points, such as movies or live demonstrations, which appear dynamically. The agent continues this behavior pattern until a fire alarm is triggered. When that happens, the agents inside the museum switch to the emergency behavioral context and start to flee towards the exit doors in order to get out of the museum. Different from the previous stage, now an agent does not stop in front of art pieces and attractive points even they pass through them. Instead, being in a panic context, the agent is likely to withdraw its own planned exiting route and starts to follow crowds (this is sometimes called the herding behavior, see [18] for more details). The agent still tries to maintain its personal space. But such desire is strongly inhibited by other needs (behaviors). This behavior pattern continues until the agent runs out of the museum, where it resumes its normal behavior patterns (transits to the normal behavioral context). Finally, after the fire alarm is cleared, agents re-enter the museum (in the normal behavioral context) and behave as they do in the beginning of the simulation.
The simulation is implemented in the DEVSJAVA simulation environment [19] . Each agent is implemented as a DEVS atomic model. A separated atomic model is implemented to model the dynamics of the environment.
Behavior Models
Five behaviors are developed for each agent. They are Casual walk, Explore attractive point, Maintain personal space, Follow crowd, and Flee to exit. Below we describe these behaviors respectively. For each behavior, we first give a general description about the motivation/role of the behavior. Then we describe how the behavior's excitation E is calculated, and what are the actions associated with the behavior. For simplicity, we leave out many of the implementation details. In the following discussion, if not explicitly mentioned, an agent's walk/move speed is 2. We also note that all numeric parameters in the equations are empirically defined. They can be changed to better simulate specific scenarios of crowd behavior.
Behavior: Casual walk
This behavior simulates the most common movement of a pedestrian agent in a normal situation. It controls the agent to walk towards a destination area according to a planned route (in our implementation, the planned route is the shortest path from the origin to the destination). When the destination area is reached, the agent stops there for a period of time before walking to the next destination. This is to simulate that an agent will usually spend some time in a place before it leaves.
Excitation: E = 0.6. This can be interpreted that the behavior is always moderately excited. Action: If the agent is not at the destination area, it walks towards the destination according to the shortest path. Otherwise if the agent reaches its destination, it stays there for a randomly generated period of time. When that time expires, a new destination that is within a distance range of the current position is randomly generated. Note that for the walk action, a basic "collision prediction" subroutine is integrated to predict if the agent will collide with other agents. If the prediction returns true, the agent will walk sideways, i.e., slightly change its walking direction to avoid the collision.
Behavior: Maintain personal space
This behavior simulates human being's preference of maintaining their privacy, i.e., staying away from others in a public area. It controls an agent to moves away from nearby agents.
Excitation:
, where d is the distance to the closest agent. The exponential function is used to simulate that the value of excitation E increases/decreases exponentially as the distance changes.
Action: Move away from the closest agent.
Behavior: Explore attractive point
This behavior simulates a human agent's tendency of taking the opportunity to explore nearby attractive points during the course of its normal movement. It controls the agent to move towards the attractive point and then gather around it until it disappears.
, where d is the distance to the closest attractive point. Action: Move towards the attractive point and stay there when reaching within a predefined distance. In the current implementation, attractive points are randomly generated. Each attractive point has an associated life time, which defines how long the attractive point will be in effect.
Behavior: Follow crowd
This behavior simulates human beings' tendency of following others' movement in emergency evacuations (the herding behavior). It controls an agent to move close to the crowd and then maintain the same moving direction of the crowd. Implementation of this behavior's action is adapted from the implementation of Rynold's boids [3] .
, where V is the magnitude of the vector sum of the neighboring agents' moving speeds (a distance range is used to specify the neighboring scope). The main idea behind this equation is that the behavior is excited by the total number of neighboring agents that are moving in the same direction. For agents moving at the speed of 2, the constant 12 in the equation indicates the behavior will be fully excited (E=1) if 6 or more than 6 neighboring agents move in the same direction. Action: If the agent is far from the crowd center, it moves towards the crowd center. Otherwise, it moves in the same direction as the crowd.
Behavior: Flee to exit
This behavior simulates that a human agent will run towards the safe zone, e.g., outside of the museum, in a fire alarm emergency situation. It controls the agent to moves towards the closest exit door of the museum.
Excitation: E = 0.7, if emergency is true and the agent is inside the museum. Otherwise, E = 0. Action: move towards the closest exit door of the museum.
Behavioral Context
Two behavioral contexts, a normal behavioral context and an emergency behavioral context, are developed to model two different psychological states, calm and panic, of agents. Figure 2 shows the transitions between these two behavioral contexts. It can be seen that an agent transits to the emergency behavioral context when there is fire alarm and the agent is inside the museum. It returns to the normal behavioral context when either the fire alarm is gone or the agent has moved out of the museum. Each behavioral context has its own set of mutual inhibition coefficients, which essentially specify the relative priorities of different behaviors. Table 1 and Table 2 show these coefficients for the normal and emergency behavioral contexts respectively. The values of these coefficients are assigned based on the following heuristic rules: very strong inhibition (0.8 -1.0); strong inhibition (0.6 -0.7); median inhibition (0.5); week inhibition (0.3 -0.4); very week inhibition (0 -0.2). The reason that such heuristics work is because the mutual inhibition behavior network works well for a wide range of inhibitory coefficients, as long as they still keep the relative priorities of different behaviors [6, 17] . Table 1 and Table 2 show that the Flee to exit behavior has the highest relative priorities in both behavioral contexts, because it strongly inhibits other behaviors. As a result, this behavior plays a major role in the emergency context. However, it plays no role in the normal context because its excitation is 0 (see the description of this behavior above). For other behaviors, their relative priorities change when the behavioral context changes. To better demonstrate this change, Fig. 3 displays the inhibitory relationships among three behaviors: Maintain personal space, Casual walk, and Follow crowd. As can be seen, in the normal behavioral context, behavior Casual walk and Maintain personal space have relative high priorities. Behavior Follow crowd has the lowest priority because it is strongly inhibited by others. But in the emergency context, behavior Follow crowd becomes to have a very high priority and behavior Casual walk becomes to have the lowest priority. Such changes of inhibitory coefficients, and thus the change of relative priorities of behaviors, affect the overall behavior patterns of an agent. For example, as a result of the priority change of the Follow crowd behavior, an agent will easily follow crowd in an emergency situation, while it rarely does that in a normal situation. 
Simulation Results
The models developed above have been applied to emergency response crowd simulations with different configurations. The simulations show that agents are able to make adaptive behavior selections and display realistic behavior patterns in response to the fire alarm emergency. Fig.  4 shows two snapshots, one before the fire alarm and one after the fire alarm, from a simulation of crowd behavior. The simulation included 100 agents and was carried out in a simplified environmental setting of an art museum. In the figure, the left part of the area is inside the museum; the right part of the area (in light yellow color) is outside the museum. The two entrance/exit doors of the museum are denoted in gradient color from gray to yellow. The dark brown blocks are inaccessible areas such as walls or non-open-to-public rooms. Figure 4 (a) shows that before the fire alarm, most agents are inside the museum to visit art pieces. They maintain their personal spaces and explore nearby attractive points (denoted as red dots in the figure). Figure 4(b) shows that after the fire alarm is triggered, agents inside the museum flee to the exit doors. During this process, agents do not explore attractive points even they pass right across it. Another salient change is that some agents start to follow crowd (the agents that are following crowd are denoted with blue color). This crowd following behavior results in a herding situation, where more agents move to an already clogged exit door even the other door is not fully utilized. Figure 4 (b) also shows that after agents get out of the museum, they resume to the normal behavioral context and start to pay more attention to behaviors such as Maintain personal space, and less attention to behaviors such as Follow crowd.
CONCLUSION AND DISCUSSION
This paper presents a context-dependent behavior selection architecture and applies it to crowd behavior simulation. A case study example of emergency response simulation is presented. Simulation results show that the two layer architecture provides a relative simple yet effective model for crowd simulation to generate adaptive human-like behaviors without using computation-expensive cognitive models.
In order to demonstrate how the changes of an agent's behavioral context affect its behaviors, we implicitly made two design choices when developing the emergency response case study example. First, we used the same set of behaviors in the two behavioral contexts. We note that while some behaviors play roles in all behavioral contexts (likely with different relative priorities as discussed before), others may only work for a particular behavioral context. For example, the Flee to exit behavior in our case study example is meaningful only in the emergency behavioral context. For these behaviors, one way to treat them is to set their excitations E = 0 so they are not excited in the behavioral contexts where they play no roles. This is what we did for the Flee to exit behavior in the normal behavioral context. Another more interesting approach is to dynamically load/unload these behaviors when the corresponding behavioral contexts are switched. Second, we assume that the equations (and their parameters) for calculating behaviors' excitations do not change when behavioral context is changed. This assumption can be relaxed for more complex applications as an autonomous agent, when switching to a different psycho-social state, is likely to change not only its behavior network structure but also the excitations of individual behaviors.
Future work includes conducting more systematic and comprehensive analysis of context-dependent adaptability for crowd behavior simulation. Furthermore, adaptability and scalability are both important for crowd simulation. This paper focuses on the aspect of adaptability. In future work, we will also work on the scalability issue to support simulation of crowd behavior with large number of agents.
